While biomass has been recognized as an important renewable energy source which has a range of positive impacts on the economy, environment, and society, the existence of feedstock seasonality and risk of service disruptions at collection facilities potentially compromises the efficiency and reliability of the energy supply system. In this paper, we consider reliable supply chain design for biomass collection against feedstock seasonality and time-varying disruption risks. We optimize facility location, inventory, biomass quantity, and shipment decisions in a multi-period planning horizon setting. A real-world case in Hubei, China is studied to offer managerial insights. Our computational results show that: (1) the disruption risk significantly affects both the optimal facility locations and the supply chain cost; (2) no matter how the failure probability changes, setting backup facilities can significantly decrease the total cost; and (3) the feedstock seasonality does not affect locations of the collection facilities, but it affects the allocations of collection facilities and brings higher inventory cost for the biomass supply chain.
Introduction
To ensure future energy security and sustainability, renewable energy has attracted considerable attention from researchers in both academia and industry. Biomass is one of the renewable energy sources upon which policy makers rely to reduce greenhouse gas emissions. The biomass resource base is composed of a wide variety of forestry and agricultural materials, industrial-process residues, and municipal-solid and urban-wood residues [1] . Its appeal is due to its potential worldwide availability, reasonable conversion efficiency, and ability to be produced and consumed on a CO 2 -neutral basis. However, renewable energy production from biomass faces many challenges due to uncertainty in its feedstock supply and reliability in its supply chains [2, 3] .
Unlike general commodities, agricultural biomass is usually characterized by seasonal availability, thus dictating the need of storing large amounts of biomass for lengthy time periods, which in turn leads to high inventory holding costs for supporting the year-round operation of a biorefinery [4] . Moreover, weather related variability and competing uses of waste biomass in a dynamically changing market have strong impacts on the uncertainty of feedstock supply. Zhou, et al. [5] investigated the availability of straw, one of the most important biomass resources in China. They pointed out that the amount of straw harvested in September and October is over 50% of that in the whole year while nearly no straw can be collected during January to April. The variations in feedstock yields can alter the delivery decisions and may consequently affect the setting of the supply chain. Therefore,
•
We propose a three-stage multi-period model for the design of biomass supply chain under feedstock seasonality and probabilistic facility disruptions. The output of our model provides biomass shipment quantity, inventories, locations, and allocations of collection facilities.
• Through case studies, we explore the relationship between biomass supply chain decisions (e.g., collection facility locations and inventories) and uncertainties (e.g., disruption risks and feedstock seasonality). The results provide valuable guidance and managerial insights for the Hubei NE Biofuel Company, the biggest biofuel company in Hubei Province, China.
The rest of this paper is organized as follows. We review the related literature in Section 2. Then, we develop a mathematical model for the reliable biomass supply chain design with facility disruptions and feedstock seasonality. The methods and data are introduced in Section 3. In Section 4, we provide the results of the case study and conduct numerical experiments to quantify the impacts of feedstock seasonality and failure probability on the optimal supply chain configuration and the total cost. Finally, conclusions and some directions for future research are discussed in Section 5.
Literature Review

Biomass Supply Chain Design
In recent years, a lot of researchers have focused on the design of biomass supply chain. Rentizelas, et al. [7] analyzed three most frequently used biomass storage methods and applied them to a case study. They introduced a multi-biomass supply chain design aiming at reducing the storage space requirement. Ekşioglu, et al. [8] proposed a mathematical model to determine the amount of biomass shipped and processed as well as the number, size and location of biorefineries under the biomass seasonality. Chen and Fan [9] established a two-stage stochastic programming model to support strategic planning of bioenergy supply chains. The feedstock resource allocation was optimized in an uncertain environment. Xie, et al. [10] developed a multistage, mixed-integer programming model that fully integrated multimodal transportation options into a cellulosic biofuel supply chain under feedstock seasonality. Huang, et al. [11] focused on the design of an efficient biofuel supply chain system against seasonal variations and uncertainties of feedstock supply. Pettersson, et al. [12] proposed a geographically explicit optimization model to investigate the future production of next-generation biofuels from forest biomass in Sweden. Ouraich and Lundmark [13] Energies 2017, 10, 1895 3 of 18 developed a geographically-explicit model of price determination of forest biomass for Sweden. They constructed regional supply curves and investigated the impacts on equilibrium prices of increased demand for forest biomass. Nasiri, et al. [14] proposed a whole life asset supply chain optimization model aimed at identifying the optimal energy generation capacities and the optimal levels of biomass ordering and storage with time-varying feedstock.
Most of the studies on design of biomass supply chains have considered a single planning time period. Only a few studies have considered multi-period optimization of biomass supply chains. Huang, et al. [15] developed a multistage model that integrated spatial and temporal dimensions for strategic planning of future bioethanol supply chain systems. A dynamic, spatially explicit, and multi-echelon mixed integer linear programming modeling framework was presented by Dal-Mas, et al. [16] . You and Wang [17] considered diverse conversion pathways and feedstock seasonality. Walther, et al. [18] presented a multi-period mixed integer programming model for integrated location, capacity, and technology planning. Akgul, et al. [19] presented a multi-objective, static modelling framework for the optimization of hybrid first/second generation biofuel supply chains. A novel multi-period mixed-integer programming model capable of taking into consideration biomass quality, seasonality, and weather related supply restrictions was developed by Gautam, et al. [20] . Marufuzzaman and Ekşioglu [21] managed congestion in the biomass supply chain via dynamic freight routing, and the proposed system used multi-modal facilities in different time periods of a year to hedge against biomass seasonality.
Disruption Risks in Supply Chain
Uncertainty and risks have been shown to play a crucial role in supply chain design. Following the definition by Tang [22] , supply chain risks are categorized into operational risks and disruption risks. The operational risk refers to those recurrent risks such as supply and demand uncertainties that are inherent in supply chains. A disruption risk usually refers to external disruptions caused by natural and man-made disasters [23] . The papers reviewed in the preceding subsection generally address operational risks. In this subsection, we discuss papers that have addressed disruption risks.
Supply chain facilities are susceptible to disruption risks due to various failures, such as man-made failures, natural disasters, transportation delay, and power outages [24] [25] [26] . A lot of researchers have focused on the supply chain reliability and resilience against disruption risks. Snyder and Daskin [27] introduced the reliability fixed charge location problem and the reliability p-median problem. Both models used a bi-objective formulation in which one objective corresponds to the "normal" cost (ignoring disruptions) and the other corresponds to the expected "failure" cost. Berman, et al. [28] generalized the classical p-median problem on a network to explicitly include the probabilistic disruptions, and analyze structural and algorithmic aspects of the resulting model. Cui, et al. [29] proposed a compact mixed-integer program formulation and a continuum approximation model to study the reliable uncapacitated fixed charge location problem. Lim, et al. [30] considered a facility location problem incorporating two types of facilities, one is unreliable and another is reliable. The reliable facility is not subject to disruption, but is more expensive than the unreliable facility. Li and Ouyang [6] studied the reliable uncapacitated fixed charge location problem where facilities were subject to spatially correlated disruptions. Shen, et al. [31] studied a reliable facility location problem. They formulated this problem as a two-stage stochastic program and then as a nonlinear integer program. Chen, et al. [32] considered a reliable joint inventory-location problem. The facility locations, customer allocations, and inventory management decisions were optimized when facilities were subject to disruption risks. Lim, et al. [33] considered a facility location problem in the presence of random facility disruptions. They assumed that facilities can be protected with additional investments. The output of the model showed that the impact of misestimating the correlation degree was much less significant relative to that of misestimating the disruption probability. Xie, et al. [34] considered an integer programming formulation of a reliable location-routing problem in which facilities are subject to the risk of probabilistic disruptions. Facility locations, delivery routing and backup plans were optimized to minimize facility setup, routing, and customer penalty costs. Hasani and Khosrojerdi [35] proposed six resilience strategies to mitigate the risk of correlated disruptions and developed an efficient parallel Taguchi-based memetic algorithm. Khosrojerdi, et al. [36] presented a robust optimization approach for a mixed integer nonlinear programming model while random disruptions happen in a power supply chain network. Zhao, et al. [37] studied an integrated supply chain system problem that simultaneously determines facility location, multi-modal transportation configuration, and inventory management decisions under both facility disruption risks and operational uncertainties.
Traditional biomass supply chain studies always assume that a collection facility will remain functioning throughout its life cycle. However, like many other facilities, biomass collection facilities are exposed to disruptions risks such as water scarcity, flooding, routine maintenance, or adverse weather condition [25] . Once facility disruption happens, excessive operational cost may occur due to the reallocation of biomass supply to more distant facilities [38] . Therefore, considering the disruption risks of collection facility, reliable supply chain design needs to be addressed.
To the best of our knowledge, only a few of such studies (e.g., Marufuzzaman, et al. [25] and Bai, Li, et al. [38] ) considered facility disruptions in biomass supply chains. Furthermore, in the existing literature, most researchers have considered disruption risks and feedstock seasonality separately. It seems that no research has simultaneously considered biomass feedstock seasonality and collection facility disruption risks. Moreover, when considering the disruption risk, traditional researches focus more on the static planning model and normally assume that the failure probability would remain unchanged over time. In these regards, one of the novel contributions of our paper is our new model for biomass supply chain design under uncertainties. Unlike the abovementioned articles, we proposed a three-stage multi-period supply chain model under feedstock seasonality and probabilistic service disruptions, while the disruption probability is allowed to vary across seasons.
Materials and Methods
Problem Definition
The biomass supply chain in consideration is comprised of three levels, as depicted in Figure 1 : (i) farmers who produce the biomass; (ii) collecting facilities where biomass is stored; (iii) biorefineries where biomass is converted into biofuel. In some cases, there may exist a middle man hired by the biorefinery to collect feedstock. However, in this paper, the collection facility plays the role of the middleman. These facilities collect straw from farmers for biorefineries. The locations of farmers and biorefineries are already known and the collection facilities are to be located among a set of candidate locations.
The set of spatially distributed farmers provide biomass to collection facilities in multiple time periods (i.e., seasons). While the yields of feedstock fluctuate across seasons, the demand for feedstock at the biorefineries remains unchanged. Feedstock at the farmers' place is shipped to the collection facilities and temporarily stored there. Then amounts of biomass in the collection facilities are transported to the biorefineries to satisfy their demand.
Usually, each farmer ships their biomass to only one collection facility but in this case, considering the disruption risk of the collection facility, each farmer is assigned to one primary collection facility and several backup collection facilities. We use R to denote the number of assigned facilities for a farmer and define R as the reliability level for a farmer. Each collection facility may fail under a certain probability which varies across time periods. We assign farmers to facilities at multiple levels. A "level-r" assignment is one for which there are r closer facilities that are open, where r = 0 indicates a primary assignment. In other words, supply from a farmer will be collected by its collection facility at level 0 as long as it is functioning, or otherwise it will go to its level-1 facility; this goes on up to its R-th facilities. When all its R assigned facilities have failed, there is a penalty cost φ per unit of biomass. In addition, we also make the following assumptions:
1. There is no ordering cost and lead time for the collection facilities to collect biomass from farmers. The biofuel company always signs contracts with given farmers at the beginning of the year to maintain cooperative relationships, thus the company can collect feedstock from farmers at any time. 2. Considering fragmented farmland in China, we assume that the feedstock cannot be stored at the farmers' place, so the collection facility cannot collect biomass produced in the previous seasons. 3. The failure probabilities of collection facilities over time are known a priori (e.g., estimated based on historical data). 4. Collection facility, once it fails, will remain disrupted in the rest of the planning horizon.
Building and repairing the collection facility will cost a lot of money and time. In this model, we make decisions for a year, and hence it is unrealistic to repair the disrupted facility during that time period. 5. Once a facility fails, it cannot ship the biomass, but its inventory can still be kept. In the system, disruptions "pause" the flow of feedstock into the collection facilities, but outflow can still be maintained based on inventory at the collection facilities. 6. We assume that the inventory storage capacity of a collection facility is unlimited, because most facilities are built in rural areas. 7. The first time period of our planning horizon is the autumn in which the production of feedstock is far more than the demand. Then we assume that the total amount of available feedstock supply across all seasons is more than the total demand at the biorefineries; i.e., there is not an overall shortage at any time.
In this paper, the following notation (Table 1 ) will be used. In addition, we also make the following assumptions:
1.
There is no ordering cost and lead time for the collection facilities to collect biomass from farmers. The biofuel company always signs contracts with given farmers at the beginning of the year to maintain cooperative relationships, thus the company can collect feedstock from farmers at any time.
2.
Considering fragmented farmland in China, we assume that the feedstock cannot be stored at the farmers' place, so the collection facility cannot collect biomass produced in the previous seasons.
3.
The failure probabilities of collection facilities over time are known a priori (e.g., estimated based on historical data).
4.
Collection facility, once it fails, will remain disrupted in the rest of the planning horizon. Building and repairing the collection facility will cost a lot of money and time. In this model, we make decisions for a year, and hence it is unrealistic to repair the disrupted facility during that time period. 5.
Once a facility fails, it cannot ship the biomass, but its inventory can still be kept. In the system, disruptions "pause" the flow of feedstock into the collection facilities, but outflow can still be maintained based on inventory at the collection facilities. 6.
We assume that the inventory storage capacity of a collection facility is unlimited, because most facilities are built in rural areas. 7.
The first time period of our planning horizon is the autumn in which the production of feedstock is far more than the demand. Then we assume that the total amount of available feedstock supply across all seasons is more than the total demand at the biorefineries; i.e., there is not an overall shortage at any time.
In this paper, the following notation (Table 1) will be used.
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Sets Description
I
The set of farmers, i ∈ I. J The set of facilities, j ∈ J K The set of biorefineries, k ∈ K T
The set of time periods, t ∈ T Parameters Description R Reliability level for farmer, r ∈ R S Reliability level for biorefinery, s ∈ S d uv Transportation cost per unit biomass from u
Amount of biomass at farmer i at time t D kt Amount of biomass demanded at biorefinery k at time t h j Holding cost of one unit of biomass for one unit of time at facilities j f j Fixed cost of opening and operating a facility at j φ Penalty cost for per unit of missed collection biomass q t Failure probability for facility at time t ξ t Probability that a facility is functioning at time t P F t Probability that a farmer incurs a penalty at time t P R t Probability that a facility incurs a penalty at time t P ijrt Probability that facility j serves farmer i at level r at time t P jkst Probability that facility j serves biorefinery k at level s at time t
Decisions Description
X it Amount of biomass shipped from farmer i at time t X ijt Amount of biomass shipped from farmer i to facility j at time t Q jt Amount of biomass kept in inventory at facility j at time t Y j 1 if facility at j is open Z ijr 1 if facility j is assigned to farmer i at level r Z jks 1 if facility j is assigned to biorefinery k at level s X jt in Amount of biomass shipped to facility j at time t X jt out Amount of biomass shipped from facility j at time t
Mathematical Formulation
The reliable supply chain model can be formulated as follows:
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In the objective Equation (1), the first term denotes the fixed costs associated with opening collection facilities. The second and third terms cover respectively the expected biomass transportation cost from farmers to facilities and the expected transportation cost from facilities to biorefineries under disruption risk. The fourth term is the sum of the expected penalty cost, and the last term denotes the inventory cost. Equation (2) ensure that the collection amount from each farmer is less than the available amount of feedstock in each period. Equation (3) enforce that each farmer i ∈ I is assigned to R facilities. Equation (4) enforce that each biorefinery k ∈ K is assigned to S facilities. Equations (5) and (6) limit assignments to only the open facilities. Equation (7) ensure the conservation of inventory and supply availability. Equations (8) and (9) define non-negativity and integrality requirements for the decision variables, respectively. Equations (10)- (14) are probability equations for quantifying disruption risks.
In Equation (7), X jt in and X jt out are random variables. It is easy to see that these random variables have the following moments [32] :
and for j ∈ J, t ∈ T, X jt in = ∑ i∈I X ijt . Thus, for each j ∈ J, t ∈ T, when the number of farmers is sufficiently large, X jt in is approximately normally distributed with E(X jt in ) = ∑ i∈I ∑ r∈R W ijrt P ijrt and In each period, the probability that satisfying the flow balance constraints is set to be at lease 1 − ∂. The chance Equation (7) can be written in the following form:
We can easily get:
Thus, Equation (15) can be rewritten in the following form: where Φ −1 is inverse function of the standardized normal distribution. We define:
Then, Equation (7) can be rewritten in the following form:
We notice that Equation (1) is nonlinear which is undesirable. However, the involved nonlinear term X it Z ijr can be linearized. Note that Z ijr is binary and X it ∈ [0, λ it ]. Therefore, we apply the linearization technique introduced by Sherali and Alameddine [39] . For each i ∈ I, j ∈ J, r ∈ [0, R − 1], t ∈ T, we define:
Therefore, the new objective function can be expressed stated below: (26) subject to Equations (2)- (25) . In our model, we do not enforce that a farmer be assigned to his closest facility. Snyder and Daskin [27] proves that given all facilities are equally likely to fail, the optimal solutions always assign a customer to open facilities level by level in increasing order of distance. However, unlike the traditional reliable uncapacitated fixed charge location model, we consider three echelons in the biomass supply chain with inventory considerations. In this circumstance, it may be sub-optimal to assign each farmer to his R closest facilities; the following example shows why. Example 1. Consider a fraction of a biomass supply network as depicted in Figure 2 . There are two farmers, two collection facilities, and one refinery in this network. The transportation costs per unit feedstock from farmers to facilities are d 1i = d 2j = 1, and d 1j = d 2i = 1.5. The distances from facilities to the refinery are d ik = d jk = 1. The failure probabilities of the two facilities are equal; q i = q j = 0.1. The amounts of feedstock that need to be collected from farmers are X 1 = X 2 = 10. The demand in refinery is D k = 16. The holding cost per unit feedstock in facilities is h = 10. To simplify this problem, we only consider assignments of facilities to the farmers and assume that each farmer is assigned to only one facility. Because this network is exactly symmetrical, we have two solutions for this problem; Z 1i0 = Z 2j0 = 1 with an objective value of Θ 1 and Z 1i0 = Z 2i0 = 1 with an objective value of Θ 2 . For Z 1i0 = Z 2j0 = 1, we can easily get that E(X i in ) = E(X j in ) = 9 and Var(X i in ) =
Var(X j in ) = 9. We set 1 − ∂ to be 95%. Then, the total inventory This example implies that in our biomass supply network, the farmer assignment should not simply follow the order of distance.
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Data Sources
We use a real case of Hubei NE Biofuel Company, the biggest biofuel company in Hubei Province, China, to test the performance of our model. The input data include spatial data of farmers, refineries, candidate locations of facilities, and non-spatial parameters related to the case. The feedstock yields vary significantly across the region in Hubei Province, because of topographic characteristics, as well as across T = 4 seasons of consideration. Most of the feedstock resources are located on the Jianghan Plain which takes up most of central and southern Hubei, while only a few of them are in the west of Hubei because of mountainous terrain. To integrate feedstock resource data with transportation network data, it is assumed that the feedstock produced in a county is available at its centroid. According to data from the Hubei NE Biofuel Company, a total of 35 counties (i.e., representatives of farmers) from Hubei Province have signed contracts with the biofuel company, as plotted in Figure 3 . The feedstock yields vary significantly across the four seasons, and the averages are 54,355 tons, 110,765 tons, 222,667 tons, and 55,834 tons respectively. Transportation cost is set at $0.1 per unit biomass (ton) per kilometer. 
We use a real case of Hubei NE Biofuel Company, the biggest biofuel company in Hubei Province, China, to test the performance of our model. The input data include spatial data of farmers, refineries, candidate locations of facilities, and non-spatial parameters related to the case. The feedstock yields vary significantly across the region in Hubei Province, because of topographic characteristics, as well as across T = 4 seasons of consideration. Most of the feedstock resources are located on the Jianghan Plain which takes up most of central and southern Hubei, while only a few of them are in the west of Hubei because of mountainous terrain. To integrate feedstock resource data with transportation network data, it is assumed that the feedstock produced in a county is available at its centroid. According to data from the Hubei NE Biofuel Company, a total of 35 counties (i.e., representatives of farmers) from Hubei Province have signed contracts with the biofuel company, as plotted in Figure 3 A total of 20 sites were chosen as the candidate facility locations based on a set of criteria including accessibility to transportation infrastructures and jurisdictional boundaries. According to the Hubei NE Biofuel Company, the prorated fixed cost to build a collection facility is $46,150. The holding cost for one unit of biomass for one unit time is $7.7. The penalty cost for not collecting one unit of biomass is $30. The Hubei NE Biofuel Company has built five biorefineries in the Hubei Province as shown by A, B, …, E in Figure 4 . Four biorefineries are located in the central and southern areas and demand much more feedstock than the biorefinery in the west. The annual production rates of these refineries (i.e., biomass demand of the supply chain) are 80,000 tons, 80,000 tons, 100,000 A total of 20 sites were chosen as the candidate facility locations based on a set of criteria including accessibility to transportation infrastructures and jurisdictional boundaries. According to the Hubei NE Biofuel Company, the prorated fixed cost to build a collection facility is $46,150. The holding cost for one unit of biomass for one unit time is $7.7. The penalty cost for not collecting one unit of biomass is $30. The Hubei NE Biofuel Company has built five biorefineries in the Hubei Province as shown by A, B, . . . , E in Figure 4 . Four biorefineries are located in the central and southern areas and demand much more feedstock than the biorefinery in the west. The annual production rates of these refineries (i.e., biomass demand of the supply chain) are 80,000 tons, 80,000 tons, 100,000 tons, 80,000 tons, and 50,000 tons respectively. A total of 20 sites were chosen as the candidate facility locations based on a set of criteria including accessibility to transportation infrastructures and jurisdictional boundaries. According to the Hubei NE Biofuel Company, the prorated fixed cost to build a collection facility is $46,150. The holding cost for one unit of biomass for one unit time is $7.7. The penalty cost for not collecting one unit of biomass is $30. The Hubei NE Biofuel Company has built five biorefineries in the Hubei Province as shown by A, B, …, E in Figure 4 . Four biorefineries are located in the central and southern areas and demand much more feedstock than the biorefinery in the west. The annual production rates of these refineries (i.e., biomass demand of the supply chain) are 80,000 tons, 80,000 tons, 100,000 tons, 80,000 tons, and 50,000 tons respectively. Flooding is one of the main natural disasters in Hubei. The longest river of China, the Yangtze River, enters Hubei from the west and flows to the east. Thousands of lakes are scattered in Hubei and this makes flooding a serious annual problem. In mid-June 2016, heavy rainfall triggered deadly floods that killed least 27 people in Hubei Province and forced 400,000 others to evacuate. Economic losses included 500,000 hectares of crops, 15,000 collapsed or severely damaged homes, and the total loss reached $880 million according to the Hubei Statistical Yearbook 2016 [40] . Hubei NE Biofuel Company was also impacted by the floods. In June 2016, three out of seven existing collection facilities failed, the whole supply chain network was almost completely disrupted, which resulted in $7.7 Flooding is one of the main natural disasters in Hubei. The longest river of China, the Yangtze River, enters Hubei from the west and flows to the east. Thousands of lakes are scattered in Hubei and this makes flooding a serious annual problem. In mid-June 2016, heavy rainfall triggered deadly floods that killed least 27 people in Hubei Province and forced 400,000 others to evacuate. Economic losses included 500,000 hectares of crops, 15,000 collapsed or severely damaged homes, and the total loss reached $880 million according to the Hubei Statistical Yearbook 2016 [40] . Hubei NE Biofuel Company was also impacted by the floods. In June 2016, three out of seven existing collection facilities failed, the whole supply chain network was almost completely disrupted, which resulted in $7.7 million losses to this company alone. Therefore, as an approximation, we use historical flood data in Hubei to calculate the failure probability of the collection facility; this is not ideal, but we feel that such data simplification does not have a significant effect on the applicability of our model and solution methods. According to the China Statistical Yearbook 2010-2016 [41] [42] [43] [44] [45] [46] [47] , the damage areas caused by floods from 2010 to 2016 are shown in Table 2 . In this study, we use the damage rate as the failure probability. Thus, the total probability across four seasons in 2016 is hence taken as 0.15. Moreover, a flood is intensely related to the rainfall distribution which is shown in Figure 5 . In 2016, the rainfalls in each season approximately follow the ratio of 4:8:2:1. Therefore, we set the vector of failure probabilities across four seasons to be q t = (0.04, 0.08, 0.02, 0.01). Similar to Xie, Ouyang and Wong [34] , the reliability level R is set to be 3 for farmers and biorefineries.
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Results
To solve this model, we employ Knitro Solver with default settings. All of the experiments are coded in AMPL on a personal computer with an Intel Core i7-7700 2.8GHz processor and 8.0 GB RAM.
Model Outputs
The optimal locations of the collection facilities are plotted in Figure 6 . Eight facilities are selected out of the 20 candidate sites. In Hubei Province, vast fertile plains lie to the mid-east with more available feedstock, and the demand of Refineries A, B, C, D is greater. Hence, most of the selected 
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To solve this model, we employ Knitro Solver with default settings. All of the experiments are coded in AMPL on a personal computer with an Intel Core i7-7700 2.8 GHz processor and 8.0 GB RAM.
Model Outputs
The optimal locations of the collection facilities are plotted in Figure 6 . Eight facilities are selected out of the 20 candidate sites. In Hubei Province, vast fertile plains lie to the mid-east with more available feedstock, and the demand of Refineries A, B, C, D is greater. Hence, most of the selected facilities are in the mid-east. In the west, since the scattered farmers have relatively lower feedstock production, and Refinery E has a lower demand, only Facilities #3, #4 are designated in the west. Every farmer and refinery are assigned to three facilities, including one primary facility and two backup facilities. Figure 6a -c also show the allocations of the farmers. Level 0, Level 1, Level 2 respectively means the facility is the primary, first backup, or second backup facilities for the farmer. For example, although Facility #3 is primarily responsible for only one farmer, it serves eight farmers as their first backup. Figures 7 and 8 show the amount of feedstock collected from farmers and the inventories stored in collection facilities respectively. It is apparent that the feedstock collected from farmers varies dramatically across seasons. In this case, the available feedstock produced in the spring and the winter is much less than the demand at refineries. Thus, the company must collect enough feedstock in the summer and the autumn to avoid stockouts. Moreover, we notice that only a small amount of feedstock is collected from some farmers such as #24 and #26. This is primarily because these farmers are relatively far away from the built collection facilities. After optimization of this case with our model, the total system-wide cost is $5.65 million including $1 million of inventory cost, $0.37 million of fixed cost, and $4.28 million of expected transportation cost. Figures 7 and 8 show the amount of feedstock collected from farmers and the inventories stored in collection facilities respectively. It is apparent that the feedstock collected from farmers varies dramatically across seasons. In this case, the available feedstock produced in the spring and the winter is much less than the demand at refineries. Thus, the company must collect enough feedstock in the summer and the autumn to avoid stockouts. Moreover, we notice that only a small amount of feedstock is collected from some farmers such as #24 and #26. This is primarily because these farmers are relatively far away from the built collection facilities. After optimization of this case with our model, the total system-wide cost is $5.65 million including $1 million of inventory cost, $0.37 million of fixed cost, and $4.28 million of expected transportation cost. 
Impact of Seasonality and Disruption Risk
The traditional design of biomass supply chain network rarely takes disruption risks into account. To demonstrate the impact of seasonality and disruption risks, we design the NE Biofuel Company case using a traditional model (i.e., which does not consider the disruption risk or feedstock seasonality), and then we test the performance of these resulting designs in the real world (i.e., where disruption risks do exist). When the disruption risk is not considered, each farmer is assigned to one facility and there is no penalty cost. When the feedstock seasonality is not considered, we assume that farmers produce the same amount of feedstock in each season equal to the average of the production across seasons. Figure 9a -d depict the optimal facility location design for each of the four cases (with or without disruption risk, with or without feedstock seasonality). 
The traditional design of biomass supply chain network rarely takes disruption risks into account. To demonstrate the impact of seasonality and disruption risks, we design the NE Biofuel Company case using a traditional model (i.e., which does not consider the disruption risk or feedstock seasonality), and then we test the performance of these resulting designs in the real world (i.e., where disruption risks do exist). When the disruption risk is not considered, each farmer is assigned to one facility and there is no penalty cost. When the feedstock seasonality is not considered, we assume that farmers produce the same amount of feedstock in each season equal to the average of the production across seasons. Figure 9a -d depict the optimal facility location design for each of the four cases (with or without disruption risk, with or without feedstock seasonality). The disruption risk and feedstock seasonality both have a significant impact on the optimal facility location design. In the first case (with disruption risk and with feedstock seasonality), eight collection facilities are built to hedge against the disruption risk. For example, while the facility at Location 3 only serves one farmer as the primary facility, it serves eight farmers as their first backup facility. These backup allocations can help the biofuel company to maintain reliability even if some of the facilities fail. In Figure 9b , fewer facilities are built as compared to the case under disruption risk. Because collection facilities are no longer subject to the disruption risk, each farmer is assigned The disruption risk and feedstock seasonality both have a significant impact on the optimal facility location design. In the first case (with disruption risk and with feedstock seasonality), eight collection facilities are built to hedge against the disruption risk. For example, while the facility at Location 3 only serves one farmer as the primary facility, it serves eight farmers as their first backup facility. These backup allocations can help the biofuel company to maintain reliability even if some of the facilities fail. In Figure 9b , fewer facilities are built as compared to the case under disruption risk. Because collection facilities are no longer subject to the disruption risk, each farmer is assigned to only one facility. Thus, the biofuel company can reduce the number of collection facilities. To study the impact of feedstock seasonality, we compare Figure 9c with Figure 9a , and Figure 9d with Figure 9b . We observe that the optimal locations are the same, respectively, but the allocations of the farmers have quite changed. In Figure 9c , the facility at location 3 is no longer serving any farmer as his primary facility and in Figure 9d , Farmers #1, #9, #14 are abandoned with no service. These changes in facilities allocations are due to the clear feedstock variability and inventory balancing considerations.
The computational results of the abovementioned four cases are summarized in Table 3 . For each case, we list the optimal objective value from the respective model (e.g., ignoring disruption risk or feedstock seasonality), the evaluated cost assuming that disruption risk does exist, as well as the inventory cost. It is obvious that with the traditional solution, the cost under a disruption-free scenario is $5.41 million while the cost under a realistic disruption scenario is $6.56 million. When using our reliable solution, the cost under a realistic disruption scenario can be reduced to $5.56 million.
Comparing the first case with the third case, we find that the total cost increased from $4.64 million to $5.65 million under feedstock seasonality.
In summary, we find that: (1) the disruption risk of collection facilities affects both optimal facility deployment and the supply chain cost; (2) it is worth investing more collection facilities to mitigate the negative impact of disruption risk and the optimal locations tend to be at places with high biomass supply; (3) the feedstock seasonality will not directly affect locations of the collection facilities, but it will affect the allocation of collection facilities and bring higher inventory cost for the biomass supply chain. 
Impact of Failure Probability and Reliability Level
In this paper, we use rainfall data and damage area caused by floods to estimate the disruption risk of the collection facility. Thus, the failure probability of the facility shows significant seasonality. To test the impact of failure probability, we select different flood data and rainfall data in 2015 and 2010 to evaluate the failure probability. Now we test other failure probabilities as follows: q 2015 = (0.02, 0.03, 0.02, 0.01), q 2010 = (0.03, 0.04, 0.01, 0.02), using single-year data. The costs are presented in Figure 10 . The results show that the total cost of supply chain is positively correlated to the failure probability. We also observe that no matter how the failure probability changes, setting backup facilities (R >1) can significantly decrease the total cost. It demonstrates that the reliable network performs better than a traditional network under disruption risk. Table 4 shows the solution of the model with different reliability levels in 2016. When the company employs the traditional allocation strategy, in which the farmer is always served by one certain facility, only five collection facilities are set with low fixed cost and inventory cost but high transportation cost and total cost. When the company employs the backup facilities strategy, in which each farmer is assigned to one primary facility and several backup facilities, the company builds eight facilities with high fixed cost and inventory cost but low transportation cost and total cost. The result demonstrates that when considering disruption risks, the higher reliability level network performs much better than the lower level network because the backup facilities can maintain the operation of the supply chain even if some of facilities in the network failed. It is worth pointing out that regardless of the value of the reliability level, the model returned the same set of facility locations (eight facilities), although a higher reliability level in general helps to reduce the total cost. backup facilities (R >1) can significantly decrease the total cost. It demonstrates that the reliable network performs better than a traditional network under disruption risk. Table 4 shows the solution of the model with different reliability levels in 2016. When the company employs the traditional allocation strategy, in which the farmer is always served by one certain facility, only five collection facilities are set with low fixed cost and inventory cost but high transportation cost and total cost. When the company employs the backup facilities strategy, in which each farmer is assigned to one primary facility and several backup facilities, the company builds eight facilities with high fixed cost and inventory cost but low transportation cost and total cost. The result demonstrates that when considering disruption risks, the higher reliability level network performs much better than the lower level network because the backup facilities can maintain the operation of the supply chain even if some of facilities in the network failed. It is worth pointing out that regardless of the value of the reliability level, the model returned the same set of facility locations (eight facilities), although a higher reliability level in general helps to reduce the total cost. 
Discussion and Conclusions
This paper studied a reliable biomass supply chain design against seasonal variations of feedstock and probabilistic disruptions of collection facilities. We formulated an integrated multi-period supply chain model in which the available feedstock production and disruption risks both vary seasonally. Our model was applied to determine optimal collection facility locations, allocations, inventories, and feedstock quantity. A real-world case in Hubei, China was developed to test the model. Several numerical experiments were conducted to analyze the impacts of facility disruptions and feedstock seasonality on the biomass supply chain.
A lot of studies in recent years have focused on exploring the influences of probabilistic facility disruptions on the supply chain, but most of the work considered a static two-stage supply chain [29, 30] . Only a few of such studies (e.g., Marufuzzaman et al. [25] and Bai et al. [38] ) considered facility disruptions in biomass supply chains, and furthermore, it seems that no research has simultaneously considered biomass feedstock seasonality and collection facility disruption risks. In this paper, we formulated a three-stage multi-period design model for biomass supply chain under feedstock seasonality and probabilistic facility disruptions. Thus, the output of our model provides more sophisticated and more realistic decisions for the biomass company. The case study shows that while achieving reliable design would typically lead to more collection facilities (incurring more fixed investment cost), it could definitely reduce the expected transportation and inventory costs under disruption risks, and in turn reduce the overall system-wide expected cost. Furthermore, our computation results further verify that, in three echelons biomass supply chains with inventory considerations as well as location-dependent disruption probabilities, it may be sub-optimal to assign farmers to service facilities based on distance proximity.
In the numerical experiments, similar to Bai, et al. [38] , we compared our reliable solution with a deterministic solution which considered only the disruption-free scenario. It was found that disruption risks significantly affect both the optimal facility locations and the supply chain cost. Furthermore, we further investigated the impacts of feedstock seasonality. It was found that the feedstock seasonality does not directly affect locations of the collection facilities, but it affects the allocation of collection facilities and brings higher inventory cost for the biomass supply chain. We also discussed the impact of failure probability and maximum backup level on the biomass supply chain. We found out that the total cost of the supply chain is positively correlated with the failure probability. The model returned the same set of facility locations regardless of the value of the maximum backup level, although a higher maximum back up level in general helps reduce the total expected cost.
Our findings also bring up new questions for future research. First, in this paper, we assumed that the capacity of collection facilities is infinite. In order to develop more realistic insights, future research could relax this assumption by considering finite capacity limits. Second, we assume that the failure probability of facilities stays the same across locations (although they vary across seasons). However, in reality, the failure probability is likely to vary across different locations. Finally, many real-world facility disruptions exhibit spatial and temporal correlations; future research may attempt to consider correlated facility disruptions.
